Stock prepositioning is one of the most important issues in preparedness stage of emergency logistics response. In a previous research, a stock prepositioning model to support an emergency disaster relief response in the event of earthquake has been proposed. Since the results contained zero proportion of some type of item, which is not allowed in a real system, an improvement of the model is needed. Hence, in this paper we focus on how to prevent the result of zero proportion of a single item type stored in distribution centers, which is the proportion of relief demand satisfied of disaster areas. We propose a new model by adding new variable of proportion of unsatisfied relief demand. Thus, we apply this model to a real case with 33 disaster areas and 16 distribution centers in Indonesia. Finally, the sensitivity analysis is performed to show the effect of different upper bound of the proportion of unsatisfied relief demand.
INTRODUCTION
Disaster management covers large area of disasters classification. Amin and Markus (2008) mention that disasters are classified to natural disasters and technological disasters, or complex emergencies. Disaster Management that covers natural disasters, including earthquake, is required to identify hazard prone and formulate actions that should be prioritized. In the previous year, Whybark (2007) explains the importance of the management of disaster relief inventories. The author also describes the characteristic of disaster relief inventories and shows the significant differences between disaster relief and enterprise inventories. Recently, Galindo and Batta (2013) review that preparedness phase has become one of the most popular studies in disaster operations management (DOM) area. One of the critical studies to perform preparedness phase is pre-positioning theory. Pre-positioning involves preparing critical relief supplies in strategic locations and determining the amount of demand to be released in disaster areas.
Operations and Supply Chain Management 6(3) pp 103-110 © 2013 103-110 © Beamon (2004 explains the concept of stock prepositioning in humanitarian logistics. According to the author, many issues are restrict and need to be focused in pre-positioning stage; including budget limitation, limited number of distribution centers and limited capacity for each distribution center. In addition, the demand is uncertain. Hale and Moberg (2005) also suggest that emergency resources need to be located in a manner as to not be vulnerable to attack. But, they need to be close to the areas to which they are assigned to serve. Afterwards, Balcik and Beamon (2008) develop a model which is a variant of the maximal covering location model. They integrate facility location and inventory decisions. They also consider multiple item types, and capture budgetary constraints and capacity restriction of distribution centers. Ozbay and Ozguven (2007) concern an efficient and quick-response humanitarian inventory management model which can determine the safety stock that will prevent disruptions at a minimal cost. While almost at the same time, Tovia (2007) builds an emergency response model (ERM) that can be used to evaluate response capabilities, to assess the logistics challenges in the event of natural disaster, specifically hurricane, and to perform what-if analysis on the threat of a weather disturbance system. Chang et al. (2007) apply the data processing and network analysis functions of the geographic information system to estimate the possible locations of rescue demand points and the required amount of rescue equipment for flood emergency logistics. Three years later, Gatignon et al. (2010) evaluate the decentralized supply chain's performance in responding to humanitarian crises through an analysis of the International Federation of the Red Cross (IFRC)'s operations during the Yogyakarta earthquake in 2006. Just by a year, Lin et.al. (2011) propose a complex logistics model for disaster relief operations. They focus on minimization of total penalty cost of unsatisfied demand, especially for high priority items, and provide a real-world earthquake scenario.
A year earlier, Raftani-Amiri et al. (2010) conduct a multi-period supply network research. They consider multiple food products with time windows on condition that the customer will be served only by one supplier in different time periods. Later, Kӓhkӧnen (2011) demonstrates that a proper case study can be conducted in the research field of supply management. The author also emphasizes how the validity and reliability of the case study can be evaluated. Ozguven and Ozbay (2013) recently develop a humanitarian emergency management framework based on the real-time tracking of emergency supplies and demands through the use of RFID technology integrated. They concern a multi-commodity stochastic humanitarian inventory management model (MC-SHIC) to determine the optimal emergency inventory levels at the minimal cost.
The previous work of Lee, Opit, and Kim (2011) simultaneously determine the decision of distribution centers to cover a single disaster area and the amount of supplies to be stocked in each distribution center. They carefully consider the response time needed for each existing distribution center to serve one or more disaster areas. In their model, the distribution centers have been established by the government and each distribution center is located in a single disaster area. By using their model, the result of the proportion of some type of item is zero due to its higher price or larger size per unit compared to another item. The result was eventually changed (no longer zero) when maximum response time is increased rapidly and each budget is multiplied by ten. But changing the budgets is inappropriate since the budgets were predetermined by the government. In a real system, this result of zero proportion of some critical items could not be tolerated. To support emergency relief response, all critical items should have some amounts to be stocked in distribution centers.
To solve this problem, we propose our new model. In order to obtain the maximum number of inventory stocked, while at the same time preventing the result of zero proportion of a single item type stored in distribution centers, new variable of proportion of unsatisfied relief demand is introduced. First, we use an approach to minimize the lower bound of the proportion of unsatisfied demand of each item under given budgets. After solving the first problem, we generate the upper bound of the proportion of unsatisfied demand. We then maximize the total expected relief demand satisfied by considering the new variable of the proportion of unsatisfied demand. The proposed model is applied to the same real system as in the previous work of Lee et.al (2011) , by also maintaining the same data estimation for each parameter. The objective of this paper is to obtain the maximum number of expected relief demand covered by the existing distribution centers by preventing the result of zero proportion of relief demand satisfied under budget constraints.
MODEL FORMULATION
Each distribution center is located in a single disaster area, and each distribution center can provide service in one or more disaster areas. The same assumption is also used in this model, that the earthquake will not occur at the same time in multiple disaster areas.
Data set:
i= disaster area; j= distribution center; = distribution center j that provide service in disaster area i; k= item type. expected time to satisfy relief demand in disaster area i from distribution center j (hour), maximum response time limit to perform emergency response in disaster area i (hour), upper bound of the proportion of unsatisfied relief demand of item type k ( ( ) ), where and , degree of importance of item type k; where , probability of occurrence of earthquake in disaster area i, expected demand for item type k in disaster area i (unit), capacity of distribution center j ( ), unit volume of item type k ( ), pre-disaster budget ($), post-disaster budget ($), unit cost of acquiring item type k at distribution center j ($/unit), unit cost of shipping item type k from distribution center j to demand point i ($/unit), criticality weight for item type k; ∑ , M a very large positive number.
Decision variables:
proportion of item type k relief demand satisfied by distribution center j that provide services in disaster area i, proportion of unsatisfied relief demand of item type k in disaster area i, the lower bound of the proportion of unsatisfied relief demand of item type k, units of item type k stored at distribution center j, set of potential response time of distribution center j that will provide service in disaster area i ( = 1; if expected time T is no bigger than maximum response time limit, 0 otherwise), set of potential distribution center j to provide service in disaster area i ( = 1, if distribution center j provides service in disaster area i, 0 otherwise).
Generating Lower Bound of the Proportion of Unsatisfied Demand
The problem consists of two models. In the first model, we derive the following problem (1-k) for each item type k in {1,2,…,k}.
Objective function
.
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The objective function (1) minimizes lower bound of the proportion of unsatisfied relief demand of each item type. Constraint set (2) ensures the amount of supplies sent to satisfy relief demand that only exists when the distribution center provides service in designated disaster areas. Constraint set (3) means that the actual demand is equal to the amount of satisfied relief demand summed with the amount of unsatisfied relief demand in a specific disaster area. Constraint set (4) assures that the proportion of unsatisfied relief demand does not exceed the desired lower bound limit. Constrain set (5) requires the inventory level at a single distribution center that is no smaller than the maximum amount of demand. Constraint set (6) guarantees that the amount of inventory kept at any distribution center does not exceed its capacity. Constraint set (7) requires that the preparedness expenditures related to provision of logistics for basic needs in emergency does not exceed the pre-disaster budget. Constraint set (8) means that the transportation costs to mobilize resources are less than the expected post-disaster budget. Constraint set (9) describes the non-negativity constraint on the proportion of demand satisfied. Constraint set (10) describes the non-negativity constraint on the proportion of unsatisfied demand. Constraint set (11) guarantees that the existing distribution center can only provide service in specific disaster area if the expected time to satisfy relief demand is no bigger than the maximum response time limit. Constraint set (12) guarantees that a distribution center will not provide service in specific disaster area if the expected time to satisfy relief demand is bigger than the maximum response time limit. Constraint set (13) assures that at least one distribution center will provide service in any disaster area. Constraint set (14) and (15) Operations and Supply Chain Management 6(3) pp 103-110 © 2013 define the binary variable of potential response time and service area for each distribution center, respectively.
Maximizing the Total Expected Relief Demand Satisfied of Disaster Areas
Next, in the second model, the objective function (16) is now maximizing the total expected relief demand covered by the existing distribution centers, while constraint set (4) is needed to be modified. Since the value of optimal lower bound of the proportion of unsatisfied relief demand has been generated in the first model, we should be able to determine the value of the upper bound of the proportion of unsatisfied relief demand, where ( ) and 1. The new constraint set (17) guarantees that the proportion of unsatisfied relief demand in each disaster area is smaller than the desired upper bound limit. In spite of these two changes, other constraints are remaining the same (refer to section 2.1).
Objective function:
∑ ∑ ∑ .
Modified constraint:
It is necessary to provide an adjustment to the model to be used in the real system. The constraint set (13) is changed to:
Constraint set (18) assures that at least two distribution centers will provide services in disaster area that already has one existing distribution center ( ) . While constraint set (19) assures that at least one distribution center will provide service in disaster area with zero existing distribution center ( ).
DATA CONSTRUCTION
To show the improvement of the results of our new model, we ran the model under the same data as in previous paper. Indonesia, a developing country that is located in South-East Asia and considered as an earthquake-prone country, remains our main focus. Table  1 shows the number of disaster areas, distribution centers, and item types.
Number of disaster areas is 33 based on 33 provinces existed in Indonesia in year 2011. Number of distribution centers is 16. They are located in 16 different disaster areas. In this case, a distribution center serves one or more disaster areas and one disaster area possibly served by one or more distribution centers. Commonly, disaster relief consists of many items. The items needed are very diverse and difficult to be accurately satisfied. In this paper, the items are limited up to nine critical item types. These nine items are the most priority items and need to be available in each distribution center. Table 2 depicts the data estimation. Related to the calculation of expected response time, helicopters are used to transport each item to the affected area. The expected loading time is set to be 2 hours (the same for each item). The maximum response time limit is set to be 8 hours, while in the reality this number is flexible, depends on the government policy.
The probability of earthquake for each disaster area is estimated by the team of Indonesia's earthquakes map revision (2010) using the principal of 6 earthquake zones of Indonesia. Indonesia population in year 2010 is used for the demand estimation while criticality weights are obtained by classifying all items into two groups: primary and secondary items. The capacity of each distribution center is obtained by assuming the dimension of each distribution center is 100*100*12 = 120,000 m³. Normally, only 70% space is used for the storage. Hence, the capacity of each distribution center is 84,000 m³.
Unit cost of acquiring relief item is estimated from the purchase price of each item. To calculate the unit cost of shipping, it is necessary to assume the maximum load of helicopter. The maximum load of medium size of helicopter can be assumed to be 6.23 m³ for one way trip. It is also important to be noticed that pre-disaster and post-disaster budgets were predetermined by the government. In this paper, maximum pre-disaster and post-disaster budgets were adapted from the budget allocation of Indonesian government in period 2010-2014. 
COMPUTATIONAL RESULTS
LINGO 8.0 was used for finding the optimal solutions with the mathematical model presented in section 2 (Model Formulation). All experiments solving each problem are tested on a personal computer with an Intel (R) Core (TM) 2 Duo CPU 2.93 GHz and 2.00 GB of RAM. The computation time of all the test problems was less than 1 minute.
At first, we ran the model which minimized lower bound of the proportion of unsatisfied relief demand of each item type. This model ran under pre-disaster budget of USD 857,317,919.08; post-disaster budget of USD 116,589,595.38; maximum response time of 8 hours; and capacity of each distribution center of 84,000 m³. The results are (for item type A to I): 0.949; 0.000; 0.277; 0.000; 0.000; 0.791; 0.851; 0.000; 0.000. Then we continued to the next model formulation. Maximum post-disaster budget available $116,589,595.375
As we explained in the previous section, this paper focuses on how the new variable of the proportion of unsatisfied relief demand will improve the final result of preventing the zero proportion of a single item type stored in distribution centers. Hence, scenario for sensitivity analysis by changing the upper bound of the proportion of unsatisfied relief demand under given budgets is performed. The upper bound of each item type depends on government policy, which is assumed to vary from 0.780 to 0.999 (Table 3) .
For further noticed, the results of grouping service area for each distribution center were not discussed in this paper, especially because the new results indicated no differences from the previous results. This problem was fully discussed in the previous paper . Furthermore, by changing the upper bound of the Operations and Supply Chain Management 6(3) pp 103-110 © 2013 proportion of unsatisfied demand, we get the new results of the average proportion of satisfied relief demand (Table 4) .
We can see from Table 4 that there are no zero results or zero proportions of satisfied relief demand for each item type. This means, all item types are stored in distribution centers, including item type G, although it has larger volume and higher price. This new result is quite different from the previous work, where the amount of item type G stocked in distribution centers is zero (no stock). By applying this new model, the limitation can be eliminated.
Another difference between the new and previous result can be seen from the number of total inventory, which in this case is a total expected relief demand satisfied in disaster areas. The previous model generated a total of 17,979,240 expected relief demand satisfied, while in the new model the number varies between 16,703,300 to 17,955,520. The number is smaller compared to the number generated by the previous model, but this smaller number covered each item type stored in distribution centers. This means the new model can be applied to the real systems.
Due to budget limitations, the average proportion of each item type could not even reach 1.00. To increase the total proportion of satisfied relief demand, or to decrease the total proportion of unsatisfied relief demand, the government needs to upgrade their budgets (for some countries, this plan is very difficult to be realized). In spite of this limitation, we consider scenario 1 as the best scenario because most of its critical items have lower proportion of unsatisfied relief demand compared to other scenarios. Also, we noticed that the bigger the upper bound of the proportion of unsatisfied relief demand inputted, the bigger the amount of expected relief demand satisfied in disaster areas resulted. 
CONCLUSION AND FUTURE RESEARCH
In this paper, we propose a new model of emergency deployment that focuses on preventing the result of zero proportion of a single item type stored in distribution centers. The proposed model is applied to a real case with 33 disaster areas and 16 distribution centers in Indonesia. The results of the new model showed a significant improvement compared to the results generated by the previous model. By adding new variable of proportion of unsatisfied relief demand, the amount of each item type stocked in distribution centers is no longer zero. This result is acceptable, based on government policy that requires the availability of each critical item type in distribution centers.
This paper leads to several directions for future research. We found that it is very interesting to coordinate the transportation of commodities from distribution centers to disaster area and enable the selection of the best locations of distribution centers to dispatch the demand in disaster area. This research will become more complex because it integrates the three major problems of logistics coordination: facility location, stock pre-positioning, and transportation planning. This future research will result in higher accuracy and more output compared to solve the problem individually.
